Lake Urmia, the second largest hyper-saline lake on Earth, has recently experienced a dramatic water-level reduction. This could have been caused by climate change or other anthropogenic effects; however it could also be a part of natural climate variability. To explore the hydroclimate variability effect on the lake water level, two teleconnections were considered for analysis: the Southern Oscillation Index (SOI) and the North Atlantic Oscillation (NAO). Spectral and coherency analyses were used to recognize the frequency components and the relationship between the teleconnections and the lake water-level fluctuations. The results show that the recent water level fall and the rise of water level in 1994-1999 cannot be explained by the natural periodic behavior of Lake Urmia. The inter-decadal water-level oscillations are coherent with NAO and SOI components of such oscillations. The anthropogenic effect on the lake water level was also explored using non-parametric trend analysis. The results show that the lake water level has a positive trend between 1966 and 1995, but the trend is not significant at a 95% confidence level. However, the trend between 1995 and 2009 is negative and it is significant at a 99% confidence interval. This study shows that the very recent fall in water level is due to anthropogenic impacts rather than natural variability.
Introduction
Lake Urmia, the second largest hyper-saline lake (that contains significant concentrations of salt, with saline levels surpassing that of ocean water) by area on Earth and one of the most important inland water bodies in Iran, plays a significant role in the environment and economy of the northwestern part of the country. However, its dramatic water-level drop in recent years, approximately 6 m between June 1995 and May 2009, has resulted in significant lake surface area shrinkage as well as high salinity of more than 340 mg/L (Eimanifar and Mohebbi 2007) . Alipour (2006) suggests that Lake Urmia's water-level reduction in recent years might be the result of a long-term drought. The water-level decline would lead to increased salinity, an interruption in the lake's ecosystem, loss of habitat, salt storms and negative impacts on local agriculture, economy and health. Therefore it is essential to recognize and evaluate the main factors affecting the lake's water-level fluctuations. The results of this investigation will help the decision makers in the Lake Urmia basin to manage water resources more efficiently.
Lake Urmia in the northwestern corner of Iran is an oligotrophic lake that provides the largest habitat for brine shrimp Artemia urmiana (Ahmadi 2005, Eimanifar and Mohebbi 2007) . It is one of the most valuable ecosystems in Iran and has been designated as a National Park, Ramsar Convention Site since 1971, and a UNESCO Biosphere Reserve since 1976.
The periodic changes in global climate systems, occurring in periods from years to decades, can affect water bodies directly via regional climate (Hanson et al. 2006) , or indirectly via hydrologic phenomena (Gibson et al. 2006 , Pasquini et al. 2008 , Grinsted 2009 , Namdar Ghanbari and Bravo 2009 . The wealth of information on climate variability and its effect on water bodies led us to initiate our attempt to evaluate the reasons behind the driving forces of lake level fluctuations by analysing the effect of climate variability on the lake.
Frequency domain analysis of time series using spectral analysis has been widely used by researchers to find the relations between hydrologic processes and climate variability. For example Hanson et al. (2004 Hanson et al. ( , 2006 ) used a spectral approach for assessing the effect of El Niño Southern Oscillation (ENSO), North American Monsoon (NAM) and Pacific Decadal Oscillation (PDO) on hydrologic time series in the southwest of the United States by applying singular spectum analysis (SSA) and coherency analysis. The latter was used in a study by Namdar Ghanbari and Bravo (2008b) to explore the link between water level time series of the Great Lakes and atmospheric teleconnections. Similar approaches were taken to study the effect of SOI, PDO, North Atlantic Oscillation (NAO) and Northern Pacific (NP) index on some hydrologic phenomena such as precipitation, streamflow, groundwater level, lake level and ice cover duration on lakes (Namdar Ghanbari and Bravo 2008a). They used SSA and the multi-taper method (MTM) in their study to reduce noise from the time series and compute the spectral estimation, respectively. Pasquini et al. (2008) also showed a significant correlation between the Southern Oscillation Index (SOI) and the water level of Argentinean lakes using spectral analysis. They showed water-level variability was under the direct effect of Westerly-driven Pacific moisture. They also showed that these lakes had a clear interannual or near-decadal signature which appears to be significantly coherent with the SOI.
The effects of ENSO and other large-scale climate signals on lake levels are the consequence of the effect that they have on variability of precipitation and evaporation at regional and local scales. Each large-scale climate signal such as ENSO has a certain frequency or a range of frequencies whose fingerprints could be found in hydrologic time series using spectral analysis.
To the best of our knowledge, very few studies have explored the effect of climate variations on Lake Urmia. Kelts and Shahrabi (1986) reported that during different geologic times Lake Urmia experienced large variations in water level. At several locations, based on abandoned terraces, they showed evidence of large fluctuations in lake level during the Pleistocene. These results are in agreement with recent studies by Djamali et al. (2008a) based on samples up to 100 m depth from the lake bed. Palaeoecological data from Djamali et al. (2008a Djamali et al. ( , 2008b and Stevens et al. (2012) indicate that Lake Urmia has been witnessing very high-amplitude lakelevel fluctuations for the last 200 000 years. The lake-level changes have been of higher variability during the glacial periods and have been relatively stable during the interglacial periods. In some time intervals, such as 30 000 years ago in the last glacial period, the lake level has most probably been several meters or tens of meters higher than today transforming the lake chemistry from hypersaline to brackish water. In contrast, in some intervals, such as the Last Glacial Maximum (22 000-18 000 years ago), the lake was almost completely dried out. These results show at least large-scale lake-level fluctuations are controlled by global climatic changes. Fatehi et al. (2006) have shown that most of the inflows to the Lake Urmia catchment are correlated with negative SOI, positive PDO and NAO.
This study aims to (a) find significant frequency components in the lake water-level fluctuations, (b) assess the relations of SOI and NAO global climate indices and Lake Urmia water level, and (c) conduct a linear trend analysis of the lake water-level time series. This will improve our understanding of the lake ecosystem and close the gap in understanding the hydrological and hydro-climatic functioning of the lake, which is necessary for any restoration effort in the lake's health and ecosystem.
Study area

Geographic characteristics
Lake Urmia is located in northwestern Iran between approximately 37°03ʹN-38°17ʹN and 44°59ʹE-45°56ʹE (Fig. 1) . With a length of 146 km and a maximum width of 58 km, it is the biggest water body in Iran and one of the largest hypersaline lakes in the world. It is a terminal (closed-basin) lake with a maximum depth of 16 m and seasonal variation of 0.6-0.9 m. Depending on the rates of inflow and evaporation, its surface water level varies between 1272 and 1278 m a.m.s.l. (Fig. 1) , and accordingly its surface area varies between 4750 and 6100 km 2 (Eimanifar and Mohebbi 2007) . This oligotrophic lake, along with its 102 islands, is not only a UNESCO Biosphere Reserve but also forms part of an internationally recognized wetland area under the Convention of Ramsar (Ramsar site no. 38; 23/06/1975) . The lake is surrounded by mountains to the west, south and east, but the terrain to the north is flat. The mountains rise to a maximum elevation of 3608 m a.m.s.l. to the west, 3332 m a.m.s.l. to the south, 3850 m a.m.s.l. to the east and 3155 m a.m.s.l. to the north.
Climate characteristics
Different factors have contributed to the conditions that the lake is experiencing today. One of the most important causes is climate variability that could potentially result in the variability of spatial and temporal distribution of precipitation. Historical records show that the lake experienced an extreme drought in 1800 when the maximum water depth was not more than 75 cm (Tamaddon 1971) . The lake water level recovered later in history as lake water variability is evident in the time series for the last 40 years (see Section 3.1, Fig. 2 . Until the mid 1990s, the lake water level had seasonal and decadal variations in the range of 0.6-2.7 m, but after that there was continuous decline in water level. This is an indication that probably before the mid 1990s the main influence on lake water level was climate variability.
Lake Urmia is located at the eastern edge of a Mediterranean-type climate geographic boundary and its local climate is mainly continental, supporting IranoTuranian steppe vegetation (Stevens et al. 2012) . Most of the precipitation in the lake basin originates from the Mediterranean Sea and the Atlantic Ocean and much less than that is contributed by the Black and Caspian Seas (Stevens et al. 2012) . So, the NAO could potentially play an important role in the distribution of precipitation in the area.
Water resources management and lake level
Today, in addition to climate variability, many other factors such as intensive climate change, mismanaged agricultural practices, land use and land cover change, and excessive dam projects in the lake basin play a significant role (Dahesht Esmaeili et al. 2010) . Inflow to the lake includes direct precipitation to the lake, inflow from 13 rivers, regional aquifers and numerous springs. The lake does not have any outlet and loses water through evaporation. In the last 60 years, Lake Urmia experienced its highest water level in 1995. Higher water level in this period of time caused damage to the agricultural lands, houses and other infrastructure around the lake. It also resulted in saline water intrusion to the surrounding aquifer system, deteriorated the groundwater quality in the vicinity of the lake and diminished the available groundwater for agricultural and municipal purposes. It seems at this time that policy makers and water system managers implemented strategies to reduce the inflows to the lake in order to eliminate the destructive effects of high water levels. However, this policy was followed for many years after that, regardless of lower than average precipitation and drought. System dynamics simulation shows that the most important factors contributing to the lake water-level decline over the last decade are climate change and over-use of surface water resources, new dam construction on the rivers flowing into the lake and the decrease in rainfall (Hassanzadeh et al. 2012) . Decades of poor water management, agricultural policies, population pressure, climate related drought and water diversions have dramatically affected the water level of Lake Urmia and consequently its ecosystem.
Material
Data
The water level of Lake Urmia is measured at three stations around the lake perimeter by Iran's Ministry of Energy. Twice daily, at 08:00 and 18:00 h, the water level is recorded manually from a gauge at each station. The accuracy of the readings is ±0.5 cm, and the readings are checked monthly against limnograph measurements. For this study, mean daily measurements from Golmankhane station, at the western shore of the lake (37°36ʹN, 45°16ʹE), were available from 24 November 1965 to 21 May 2009. The daily data were used to produce monthly, seasonal and annual mean values. The yearly average water-level data are illustrated in Fig. 2 . This figure shows an abrupt decline in water level from 1995.
SOI and NAO indices
The SOI is calculated from the monthly or seasonal fluctuations in the air pressure difference between Tahiti (south of Hawaii) and Darwin in Australia Bliss 1932, 1937) . Sustained negative values of the SOI often indicate El Niño episodes and positive values are known as a La Niña episode. Monthly values of SOI were obtained from http:// www.cpc.noaa.gov/data/indices/. The NAO is calculated from the difference in normalized sea-level pressure between Lisbon, Portugal and Stykkisholmur, Iceland, and is used to identify large-scale climate variations in the Northern Hemisphere. Under a positive NAO index, regional reduction in atmospheric pressure results in a regional rise in sea level due to the inverse barometer effect and also cool summers and mild and wet winters in Central Europe. Under negative NAO index, northern European areas suffer cold dry winters and storms track southwards toward the Mediterranean Sea. This brings increased storm activity and rainfall to southern Europe and North Africa. Monthly values of NAO were obtained from http://www.cru.uea.ac.uk/cru/data/nao.htm. A detailed description of SOI and NAO can be found in Namdar Ghanbari and Bravo (2009) . Figure 3 shows the data for SOI and NAO.
Methods
The methods of analysis include trend analysis, singular spectrum analysis, spectral estimation and coherency analysis. In the present research both the Singular Spectrum Analysis (SSA) Toolkit and MATLAB codes developed by the authors were used in spectral estimation, time series decomposition and data reconstruction. The latest version of the SSA Toolkit is available at: http://www.atmos. ucla.edu/tcd/ssa/. The application of spectral techniques assumes stationary processes and therefore all the time series data were linearly detrended and normalized with respect to mean and standard deviation before applying spectral analysis. The analysis methods were applied to water-level data which were available for the period of 1966-2009. More details about the analysis methods are presented in the following sections. Based on the length of data, the longest possible period to extract in frequency domain analysis is 22 years. By smoothing the data series, the higher frequency components with periods of variation less than a year are removed in favor of lower frequency components.
Trend analysis
The Mann-Kendall test is a commonly used test in environmental sciences to examine the statistical significance of linear trend in time series. Mann-Kendall is a non-parametric test, meaning that no assumption of normality is required for the time series; however there must not be any serial correlation within the time series for it to be applicable (Press et al. 1988) . In each trend test two parameters are calculated: τ and p-value. Kendall's τ uses only the relative ordering of ranks: higher in rank, lower in rank, or the same in rank. Ranks will be higher, lower, or the same if and only if τ values are larger, smaller, or equal to the previous point in data series respectively. For example y 1 and y 2 (lake level data) are compared with each other to see if it is increasing or decreasing at each time step which is equal to a sampling interval. To define τ, we start with the N data points structured as (x i , y i ) where x i is time and y i is lake level. There will be as many as 1=2 Â N N À 1 ð Þ ½ pairs of data points, where a data point cannot be paired with itself and the points in either order count as one pair. A pair is called concordant if the relative ordering of the ranks of the two xs is the same as the relative ordering of the ranks of the two ys. A pair is called discordant if the relative ordering of the ranks of the two xs is opposite from the relative ordering of the ranks of the two ys. If there is a tie in either the ranks of the two xs or the ranks of the two ys, the pair will not be called either concordant or discordant. If the tie is in the xs, the pair is an "extra y pair." If the tie is in the ys, the pair is an "extra x pair." If the tie is in both the xs and the ys, the pair is not called anything at all. Kendall's τ is then calculated using the following simple combination of these various counts: 
The value of Kendall's τ lies between 1 and −1. Extreme positive and negative values show complete rank agreement and complete rank reversal, respectively. A positive τ indicates a positive trend and a negative τ a decreasing trend. The larger the value of τ the more consistent the trend is in direction. The test statistic τ estimates the monotonic dependence of x on time. Assuming the null hypothesis of no association between x and y Kendall's τ is approximately normally distributed, with zero expectation value and a variance of:
The Z-value for τ in normal distribution is calculated as (Helsel and Hirsch 2002) :
The null hypothesis of no trend is rejected at significance level α if Z τ j j > Z Crit , where Z Crit is the value of the standard normal distribution with a probability of exceedence of α=2. The value of α for each hypothesis test is (1 -Confidence level); if the p-value is less than α we cannot reject the null hypothesis of no trend and we can conclude that the trend is significant at that confidence level. The p-value of the test is calculated as follows:
As the lake water level has a positive trend between 1966 and 1995 and negative trend in 1995-2009 (Fig. 2) , the trend analysis was carried out on these two periods separately in addition to analysis for the whole period of 1966-2009.
Spectral analysis
Spectral methods are used in this study to extract the information on variability of time series and recognize the time scales of processes contributing to the dynamics of the data. The research approach in the present study includes decomposing the data into the most significant components, computing the data variance contribution by each component and the relevant time scale (Hamidi et al. 2013) . In spectral analysis it is assumed that the time series are in a wide sense stationary. In other words, the mean and standard deviation of the time series do not change over a long time. Therefore, the yearly lake waterlevel time series was detrended and normalized in terms of the mean and standard deviation of the data prior to any spectral analysis. The detrended and normalized time series was decomposed into its principal components (PC) using SSA. The most important parameter in SSA is the window size. Different window sizes were tested and finally the window size of M = N/3 was applied, where M is the window size and N is the data length. A window size of one third of the data length improves the ability of the method to capture the periodicities hidden in a time series. The same window length is recommended by Namdar Ghanbari and Bravo (2009). Then the multi-taper method (MTM) of spectral estimation was used for spectral analysis of the detrended time series. The MTM extracts the amplitude, phase and period of each harmonic component in the time series.
Singular spectrum analysis (SSA)
Singular Spectrum Analysis is a method to improve signal-to-noise ratio. The concept is that short observed time series of a dynamic system can be used to get the skeleton of attractors to that system. This non-parametric method is based on the idea of applying a sliding window on the time series and extracting patterns which define a high percentage of time series variations (Ghil et al. 2002) . In the SSA algorithm three steps are followed to complete the analysis: (1) the time series is embedded in a vector space (window size) of dimension M to get a trajectory matrix D; (2) a lag covariance matrix C D of dimension M Â M is calculated using the trajectory matrix D obtained in Step 2; and (3) the covariance matrix C D is diagolanized to obtain its eigenvalues and corresponding eigenvectors. Once all three steps are complete PCs of the time series can be estimated by projecting the time series onto the eigenvectors of the covariance matrix C D . The summation of the power spectra of the PCs is equal to the spectra of the original time series (Vautard et al. 1992) . Therefore, by combining the PCs of a time series, the whole time series can be reconstructed at the same time scale because the phase information is preserved in the reconstruction process. One can be selective and remove the PCs of noise character and as a result reconstruct a noise-free time series. A complete explanation of the SSA algorithm can be found in Ghil et al. (2002) . An important parameter in the SSA method to be selected for analysis is the window size (Hamidi et al. 2015) . By increasing the size of the window, the resolution of frequency will increase, but on the other hand the required components to define the time series would increase too. Vautard et al. (1992) suggest a window size between N/5 and N/10, where N is the length of the time series.
MTM spectral estimation
The spectrum of a wide sense stationary process is a Fourier transform of its covariance function (Priestly 1981) . This definition is shown in equation (5).
r xx ½k expðÀj2πf kÞ;
in which r xx k ½ is the covariance function of process x time series and f is frequency.
In the case of limited time series like Lake Urmia water level, direct application of Fourier transform leads to a high spectral leakage. Spectral estimation methods try to reduce this leakage by different methods like averaging spectrum in frequency bands or using smoothing windows, like the Hann window which is used in this study. The Hann function is typically used as a window function in digital signal processing to select a subset of a series of samples in order to perform a Fourier transform or other calculations.
The multi-taper method (MTM) is a non-parametric method introduced by Thomson (1982) to improve estimation of spectrum using Eigen tapers. Eigen tapers are functions belonging to a family of functions known as Discrete Prolate Spheroidal Sequences (DPSS) (Thomson 1982) . In this method, in order to increase consistency and decrease spectral leakage, the average of spectra of the multiplication of tapers by time series is used. The MTM of spectral estimation is used for spectral analysis of the reconstructed time series calculated using SSA. The MTM does not assume a specific model for the data generation process of the time series, while harmonic spectral analysis assumes that the data generation process includes the superposition of purely periodic components and white noise (Ghil et al. 2002) . The amplitude, phase and period of the lake level fluctuations are functions of many slowly changing parameters. Therefore the purely periodic assumption of components which is the principal of the harmonic spectral analysis is not realistic and may cause some information loss in spectral analysis. The MTM of spectral estimation which is briefly explained here was applied using the current version of the SSA-MTM toolkit (available at: http://www.atmos.ucla.edu/ tcd/ssa) as well as the scripts developed in MATLAB by the authors. The MTM uses a small set of tapers instead of a fixed window or a unique data taper to reduce the spectral leakage which is dominant in other spectral estimation methods such as a periodogram. The MTM creates a balance between spectral resolution and statistical variance. Detailed explanation of the MTM algorithm is given in Ghil et al. (2002) .
Coherency analysis
The coherency function determines the linear correlation between the components of a bivariate process and is analogous to the square of correlation coefficient in the frequency domain.
The cross spectrum for x and y time series is estimated as:
where C xy is the covariance function, ω is frequency, and τ is a small shift in time. The cross spectrum is a complex function and its power is defined as:
where A is the power spectrum, and Re and Im stand for real and imaginary parts of the cross spectrum function, respectively (Storch and Zwiers 2003) . The coherence spectrum (W xy ω ð ÞÞ is defined as:
where f xx ω ð Þ and f yy ω ð Þ are smoothed spectral estimation of x and y time series.
The squared coherency function shows the frequency bands where the two time series are either coherent or non-coherent. The squared coherency function varies between 0 and 1; a value of 0 indicates no coherency and a value of 1 indicates perfect coherency between the two time series.
Estimated coherencies are considered significant at a 95% confidence level if their values are larger than the critical value T:
where the critical value T is derived from the upper 5% points of the F-distribution with (2, d À 2) degrees of freedom and d is the degrees of freedom associated with the univariate spectrum estimates, is a function of window size used for smoothing the spectrum, and is calculated as (Emery and Thomson 2001) :
where n is the length of time series and M is the size of the smoothing window. Coherence functions were calculated between the teleconnection signals (SOI and NAO) and the lake water level for the period between 1996 and 2009. The raw data were linearly detrended and normalized in terms of their mean and standard deviations prior to the analysis. For the coherency analysis, Hann window was used with a window size of one third of the data length. Figure 3 shows the trend analysis of the water-level data. Trend analysis shows the periods of rise and fall in the lake water level. The yearly lake water level time series were examined for the significance of linear trend in three periods : 1966-1995, 1995-2009, and 1966-2009 . The p-values of the linear trend test for the three periods are computed as 0.33, very close to zero and 0.025, respectively. The slopes of the trend lines for the three cases are +0.034, −0.31 and −0.029, respectively. These results show that the lake water level has a positive trend between 1966 and 1995, but the trend is not significant at a 95% confidence level (Fig. 3) . However, the trend between 1995 and 2009 is negative and it is significant at a 99% confidence level. This shows that the water-level variation after 1995 is more constrained and the influence of water system management dominates the natural variation of the lake water level. The overall trend for the time series between 1966 and 2009 is negative; however, it is not significant at a 95% confidence level. Figure 4 shows the spectral estimation of the time series data for the lake water level. Spectral analysis captures the dominant time scales and frequencies in the time series. An important point is that because of the short time series available for lake level (516 months), frequencies corresponding to a maximum 258 months (516/2) can just be extracted by spectral estimation. Thus the periodicities with domains longer than this length cannot be extracted. The percentage of contribution to variance of the lake water level time series by different principal components are given in Table 1 along with their significant return periods at the 99% confidence level. The spectra were estimated using the MTM spectral estimation method (Fig. 5) .
Results and discussion
Trend analysis
Spectral analysis
By taking a yearly average of monthly values of lake level, higher frequency components with return periods of less than one year are removed and the time series is converted to a smoother time series in favor of lower frequency components. The higher variance Figure 4 . Reconstructed signal of Lake Urmia water level by SSA via original time series. Figure 5 . Reconstructed MTM spectrum of Lake Urmia level time series using three tapers. The 95% and 99% confidence levels are shown by dashed lines and the noise level by a solid line.
contribution belongs to low frequency components so the reconstructed time series that include the first few components of the time series demonstrate the nonlinear trend of the time series. Figure 4 shows the nonlinear trend in the lake water level time series between 1966 and 2009. One can see the sharp downward trend between 1995 and 2009 in the nonlinear trend as well, which is explained in the linear trend section. In a natural setting with moderate regulated surface water inflows to and outflows from the lake one would expect a much more mild slope than observed in the real data.
Here again it shows that the last sharp downward trend is not a result of mild seasonal and decadal natural variability of the system but rather of water resources and inflow regulation mismanagement in the basin. Figure 6 shows the results of coherency analysis. The significance threshold of coherency is shown by a straight line at squared coherency equal to 0.57. All the coherencies between both time series at or above this threshold are significant at the 95% confidence level. Table 2 shows frequencies with significant coherencies between NAO and SOI and Lake Urmia water level.
Coherency analyses
As shown in Table 2 and Fig. 6(a) , the coherency between SOI and lake level is significant in periods between 3.9 and 5.2 years. Comparing these results with dominant periodic oscillations of the lake level from Table 1 shows that NAO has a significant effect on the lake level in 4.5-year oscillations of the lake. Also from Table 2 and Fig. 6(b) it can be concluded that NAO has significant coherency with the lake level between 4.1 and 11.4 years, which again implies that the 4.5-year periods of the lake level variations are under the effect of NAO too.
The 95% confidence level is calculated for the coherency between the lake level and large-scale climate signals using F-distribution, as explained in Section 4. Figure 6 . Coherency function between (a) lake level and SOI and significant threshold in α = 5% (b) lake level and NAO, with significance threshold α = 5%. The frequencies in this paper are given in cycles/year and in order to make it easier for readers to picture the corresponding periods, the frequency values are given in terms of (period ) cycles per year at the 95% confidence level; this peak is observed in Fig. 6(a) . This means that there is a common periodicity between SOI and Lake Urmia water level which is between 4.7 and 5.7 years.
The periods less than 2 years are not of interest and importance. In Fig. 6 the following peaks are observed:
• Figure 6 (a): frequencies of 3.8 -1 to 4 -1 cycles per year and corresponding coherency of 0.59 and frequencies of 4.7 -1 to 5.7 -1 cycles per year and corresponding coherency of 0.81. This means that there is a significant coherency between SOI and Lake Urmia water level time series at the 95% confidence level for frequency components associated with periods of 3.8-4 and 4.7-5.7 years.
• Figure 6 (b): frequencies of 4.2 -1 to 5.9 -1 cycles per year and corresponding coherency of 0.92 and frequencies of 5.9 -1 to 14.2 -1 cycles per year and corresponding coherency of 0.87. This means that there is a significant coherency between NAO and Lake Urmia water level time series at the 95% confidence level for frequency components associated with periods of 4.2-14.2 years. As shown previously in the literature (Hanson et al. 2006 , Namdar Ghanbari and Bravo 2008b , Pasquini et al. 2008 , these results confirm the influence of SOI and NAO on the lake water level fluctuations. However, the continuous drop in water level over more than a decade after 1995 cannot be explained by climate variability indices. As one can see in Fig. 2 , there is no clear tendency after 1995 in more frequent positive or negative events of NAO and SOI, so this continuous drop in water level might be the result of human activities and regulating water inflows from the basin to the lake. Climate change has also caused a positive trend in air temperature and evapotranspiration rate which is an important component in the lake basin water balance and consequently on lake water level.
Conclusions
The results of this study show that spectral analyses could, to some extent, explain the natural origin of Lake Urmia water-level fluctuations for relatively wet periods from 1994 to 1999 as the dry interval from 1995 to the present is not well explained by natural periodic behavior of lake-level variations.
This study also shows that Lake Urmia water-level changes in some frequencies have a significant relation to SOI and NAO oscillations. It was shown that the reconstruction of periodic component of 4.5 years, which is significantly affected by the two indices, explains an important part of oscillatory behavior of Lake Urmia water level.
It is completely evident in our analysis that the pertinent climate variability indices, i.e. SOI and NAO index, are very well correlated with Lake Urmia water-level fluctuations. Climate change has also caused the basin to experience a positive trend in air temperature and subsequently higher evapotranspiration rate which is an important component in the lake basin water balance. Climate variability and climate change, therefore, have a significant impact on the Lake Urmia level fluctuations and consequently the local and regional environment and economy. Lake Urmia water balance has been substantially subject to anthropogenic effects such as regulated inflows into the lake. The increasingly negative trend in the lake water level over the years after 1995 is not explained by natural lake water level variability and there might have been man-made causes for the condition that the lake is experiencing today. If so, in order to bring the lake back to life again, all measures of control and regulation should be removed from inflow into the lake and agricultural activities or any other activity that may result in negative water balance in the Lake Urmia basin should be significantly limited. Water resources managers and policy makers have a much higher and more secure control on regulated flows into the lake than the climate variability and change which are much larger-scale drivers. Therefore, it looks logical to spend their best efforts on the lake regulated flows to compensate for the climate variability and change over the span of years to decades. Building too many dams on the rivers flowing into the lake and managing the lake water balance on a year-by-year basis is a dramatically dangerous management practice that could drive the lake to where it is today and even completely desiccate the lake in the near future. In short, the mismanagement of water resources in the lake basin jeopardizes the future existence of the lake. Groundwater inflow and outflow components in water balance studies on Lake Urmia have been neglected, while they can be significant. The authors believe that these components of water balance in the Lake Urmia basin must be treated in a separate study.
